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Abstract

Diabetes mellitus is a chronic metabolic disorder that demands early and accurate
detection to prevent life-threatening complications. Traditional diagnostic
procedures, such as blood glucose and oral glucose tolerance tests, are often
invasive, time-consuming, and resource-intensive, making them less practical for
widespread screening. This study explores the potential of artificial intelligence,
specifically Feedforward Neural Networks (FNN), in predicting diabetes based on
clinical data from the National Institute of Diabetes and Digestive and Kidney
Diseases (NIDDK). The main contribution of this research lies in the integration of
the Adaptive Moment Estimation (Adam) optimization algorithm and the Synthetic
Minority Oversampling Technique (SMOTE) to enhance the performance and
generalization of FNNs on imbalanced medical datasets. The methodology involves
preprocessing steps such as imputing zero values with feature means, normalizing
input features using Min-Max scaling, and applying SMOTE to balance class
distribution. Two model configurations were compared: a baseline FNN trained
manually using full-batch gradient descent and an FNN optimized with Adam.
Experimental results demonstrated that the baseline model achieved an accuracy
of 70.13%, precision of 56.06%, recall of 68.52%, and an F1-score of 61.67%. In
contrast, the Adam-optimized model achieved superior results with an average
accuracy of 73.31%, precision of 60.97%, recall of 66.67%, and an F1-score of
63.64% across ten independent runs. These findings indicate that combining
adaptive optimization with oversampling significantly enhances the robustness and
reliability of neural networks in medical classification tasks. In conclusion, the
proposed method provides a practical framework for Al-assisted early diabetes
detection and highlights opportunities for future development using deeper
network architectures and explainable Al models for clinical applications.
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programming[6][7]. It has proven effective in analyzing

Diabetes mellitus is a chronic metabolic disorder
characterized by elevated blood glucose levels due to
insulin deficiency or resistance. According to the World
Health Organization (WHO), more than 422 million people
worldwide live with diabetes, the majority of whom are in
low- and middle-income countries. This number is
projected to rise significantly in the coming years[1][2]. If
left untreated, diabetes can lead to serious complications
such as kidney failure, cardiovascular disease, and
neuropathyb[3]. However, early diagnosis still relies on
conventional lab-based tests, such as blood glucose and
oral glucose tolerance tests, which can be time-
consuming and resource-intensive[4][5].

To address these challenges, artificial intelligence
particularly machine learning (ML) offers a promising
alternative for fast and accurate disease prediction. ML
enables systems to learn from past experiences and
recognize  patterns in data  without explicit

medical datasets, such as the Pima Indian Diabetes
dataset, and extracting predictive insights. Studies have
shown that ML techniques can significantly enhance the
diagnostic process in healthcare, allowing for early
detection and better risk management[8]. For example,
research by J. P. Kandhasamy & S. Balamurali[9]
demonstrated how various ML algorithms can predict
diabetes. Additionally, studies by H. Setiawan, A.
Firnanda & U. Khair[10] confirmed that FNN could achieve
accurate predictions for diabetes, highlighting the
potential of neural networks in medical classifications.
One widely used approach in medical classification is the
Feedforward Neural Network (FNN), a type of neural
network where data flows in one direction from input to
output, making it suitable for modeling nonlinear
relationships[11].

However, its performance depends heavily on optimal
parameter settings, such as weights and biases, which
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must be adjusted to achieve reliable predictions[12]. For
example, optimizing these parameters using techniques
like Adaptive Moment Estimation (ADAM) has been
shown to improve the accuracy of models significantly.
Kingma & Ba[13] highlighted the effectiveness of ADAM
in improving convergence and training stability, making it
a go-to optimization technique in neural network models.
Furthermore, research by Alex et al.[14] and Shirley &
Priya[15] have demonstrated that techniques like SMOTE
can address class imbalance, ensuring that the model is
trained on a more balanced dataset, thus enhancing the
model’s ability to generalize and reduce biases.

Although numerous studies have demonstrated the
effectiveness of ML models in predicting diabetes, most
research has either not optimized neural networks with
advanced techniques such as ADAM or overlooked the
issue of class imbalance using methods like SMOTE[16].
Furthermore, few studies have combined both ADAM
optimization and SMOTE to improve the performance of
FNN in predicting diabetes, particularly in real-world
medical datasets[17]. This gap presents an opportunity for
further research to explore the combined effects of these
techniques on improving diabetes prediction models.

This research addresses the limitations identified in
previous studies by combining the FNN model with ADAM
optimization and the SMOTE technique. By optimizing the
FNN model using ADAM, we can fine-tune its parameters,
leading to better generalization and more accurate
predictions. SMOTE will be applied to handle class
imbalance, ensuring that the model learns effectively from
the minority diabetic class. Combining these techniques
is expected to significantly enhance the accuracy of
diabetes prediction models, especially in datasets with
class imbalances.

Therefore, the primary objective of this research is to
evaluate the performance of an FNN model optimized with
ADAM and enhanced with SMOTE to predict the early
stages of diabetes. This study will compare the
performance of the optimized model against an FNN
model without optimization to demonstrate the
improvements in prediction accuracy.

This research makes several key contributions to the
field of diabetes prediction. Firstly, it improves diabetes
prediction accuracy by combining ADAM optimization with
Feedforward Neural Networks (FNN) and addressing
class imbalance by applying the Synthetic Minority
Oversampling Technique (SMOTE). This approach aims
to enhance the model's ability to make more accurate
predictions by effectively training on a balanced dataset.
Secondly, the study explores the efficiency of using ADAM
and SMOTE in optimizing and balancing FNN models for
medical applications, showcasing their potential to
improve performance in complex healthcare datasets.
The practical implications of this research are significant,
as the proposed method can assist in early diabetes
detection, enabling clinicians to make more informed and
timely decisions that could improve patient outcomes.
Lastly, this research offers a comprehensive comparison
between a baseline FNN and an optimized FNN, providing

valuable insights into the impact of optimization
techniques on model performance and highlighting the
importance of incorporating advanced optimization
methods for medical predictive tasks.

This paper is structured as follows: Section 1
discusses the related work and previous studies in
diabetes prediction using Feedforward Neural Networks
(FNN). Section 2 presents the methodology and SMOTE
technique, detailing the FNN model, ADAM optimization,
and the dataset used. Section 3 discusses the
experimental results and performance evaluation. Finally,
Section 4 concludes the paper and suggests directions for
future research.

Il. Materials And Method
A. Data Collection

This study utilized the publicly available diabetes dataset
provided by the National Institute of Diabetes and
Digestive and Kidney Diseases (NIDDK) via Kaggle
https://www.kaggle.com/datasets/mathchi/diabetes-data-
set. The dataset is widely used in medical classification
research and comprises 768 samples with nine attributes
including eight input features and one binary target label
(Outcome)[18]. The characteristics of the dataset used in
this study, including the feature names, data types, units,
and descriptions, are summarized in Table 1.

Table 1. Description of Dataset Features.

Data Unit Descriptio

No. Feature
Type n

Number of
pregnancies
experienced

by the
female
patient

1 Pregnincies  Integer -

Plasma
glucose
concentratio
n 2 hours
after
glucose
intake

2 Glucose Integer  mg/dL

Diastolic
blood
pressure

Blood

Integer
Pressure 9

mmHg

Triceps
skinfold
thickness

Skin
4 Thickness Integer Mm

Serum
insulin level
2 hours
after
glucose
intake

5 Insulin Integer  pU/mL

Body Mass

6 BMI Index

Float kg/m?
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Genetic
diabetes
likelihood

score based
on family
history

Diabetes

Function Float )

Patient age
at the time
of data
collection

8 Age Integer Years

Target class
0 = non-
diabetic, 1 =
diabetic

9 Outcome  Category oM

B. Data Preprocessing

Data preprocessing was carried out in several steps to
ensure high-quality inputs for the neural network model:
1. Invalid Value Handling

Several features (e.g., Glucose, Blood Pressure, Skin
Thickness, and Insulin) contained =zero clinically
unrealistic values. These were treated as missing values
and imputed using the mean of the respective feature with
the formula Eq. (1)[19]:

Xi, ifxl- #0
o o 2
The formula defines x; as a piecewise function where x;
remains unchanged if non-zero, and is replaced by X(such
as mean or constant) if x; = 0, to avoid distortion in data
analysis. This method preserves the overall distribution
and avoids bias[19].

2. Feature Normalization

As the features have different scales, Min-Max
normalization was applied Eq. (2)[20]:
' = % " Xmin__ )

Xmax — Xmin
where x' is the normalized value, x is the original value,
and x,;, and x4, are the minimum and maximum values
in the dataset. This transformation standardizes input
values into the range [0, 1] and helps improve model
convergence and stability[21][22].

C. Data Splitting

The input data underwent a normalization process that
standardized its values to the range [0, 1], a step essential
for improving the convergence speed and stability of the
model during training[23]. After this preprocessing stage,
the dataset was partitioned into two subsets through
stratified sampling, ensuring that the proportion of diabetic
and non-diabetic samples remained consistent across
both sets. Specifically, 80% of the data was allocated for
training purposes, while the remaining 20% was reserved
for testing[24]. This stratification technique preserves the
original class distribution within each subset, crucial for
maintaining the model’s performance across imbalanced
classes[25].

D. Synthetic Minority Oversampling Technique
(SMOTE)

Aninitial class imbalance was observed, where only about
35% of the data belonged to the diabetic class. To address
this, the Synthetic Minority Oversampling Technique
(SMOTE) was applied. SMOTE generates synthetic data
points for the minority class by interpolating between
existing minority samples and their nearest neighbors in
the feature space.

The SMOTE formula is defined as Eq. (3)[26]:
Xnew = X; + 6 (X5 — X;) 3)

The term x,., represents the updated value of the
variable, while x; is the original value of the variable in
question, and x,;is the target or reference value that we
aim to approach. The factor § determines the degree of
change that occurs between x; and x,;. When & = 0, the
new value x,,.,, will remain the same as the original value
x;, indicating no change. Conversely, when § = 1, the new
value will equal the target value x,;, meaning the change
is complete. SMOTE effectively enhances minority class
representation while reducing the risk of overfitting by
avoiding duplicate samples[27][26].

E. Feedforward Neural Network (FNN)

This study utilized a Feedforward Neural Network (FNN)
model architecture. FNN was chosen due to its ability to
model complex nonlinear relationships between features,
which is crucial in medical classification. The architecture
is structured as follows in Table 2:

Table 2. Architecture of the Proposed Neural Network
Model.

Number
Layer of Activation Function
Neurons
Input Layer 8 -
Hidden Layer 1 16 RelLU
Output Layer 1 Sigmoid

Each neuron in the network computes a weighted sum of
its inputs, followed by the application of an activation
function Eq. (4)[28]:

n
z= Z wx; + b )
i=1

In this formula, z is the output of the function. w;
represents the weights or parameters that control the
contribution of each input x; to the output. The variable x;
is the input value for each feature or variable in the
dataset, and b is the bias term, allowing for shifting the
linear function's result. In the hidden layers, the Rectified
Linear Unit (ReLU) function is applied Eq. (5)[29]:

ReLU(z) = max(0, z) (5)

In this formula, ReLU(z) represents the output of the
activation function, while z is the input to the function,
typically the result of a linear transformation from the
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previous layer's outputs in a neural network. The
expression max (0,z) means that the function will return
the maximum value between 0 and z. In other words, if z
is negative, the output will be 0; if z is positive, the output
wll be z itself. ReLU is chosen for its computational
efficiency and ability to mitigate the vanishing gradient
problem in deep networks[29]. For the output layer, a
sigmoid activation function is applied Eq. (6)[28]:

02 =170 (6)
In this equation, a(z) is the output the sigmoid function,
which produces a value between 0 and 1, often used as a
probability in various applications. The variable z is the
input to the sigmoid function, typically a linear combination
of features, such as z = w;x; + wyx, + b, where w,,w,
are the weights and b is the bias. The constant e is Eular’s
number, which is used to exponentiate the negative value
of z. This function squashes the output into a probability
range [0,1], ideal for binary classification tasks such as
diabetes prediction[28]. The output layer consists of a
single neuron that generates a scalar output interpreted
as the probability of a patient having diabetes. The output
y is compared to the true label y € {0,1}using the binary
cross-entropy loss function Eq. (7)[30]:

Ly,») =—[y-log®+ @A -y-log(1-)] (7)

In this formula, L(y, y) represents the loss or error value,
quantifying the difference between the actual label y and
the predicted probability y provided by yhe model. y is the
true label, which takes values of either 0 or 1, indicating
the class of the input data. On the other hand, j is the
probability predicted by the model for class 1. The
logarithmic function log(y) calculates the contribution
from class 1, and log(1 — ) computes the contribution
from class 0. The factor 0 — y ensures that the calculation
considers the contribution from class 0 when the true label
is 0. This loss function penalizes incorrect classifications
and is standard in probabilistic binary
classification[15][30].

F. Adaptive Moment Estimation (ADAM)

The Adam (Adaptive Moment Estimation) algorithm was
applied to optimize the learning process. Adam combines
the benefits of momentum and RMSProp to adaptively
update model weights[13]. The weight update rule is
defined as Eq. (8)[31].

(X'T’Y\lt

VOt e ®)

The given formula defines the relationship between the
current state and the next state of the variable 6 in an
iterative process. Here, 6,,, represents the next value of
6 attime t + 1, while 6, is the current value of 6 at time t.
The term « is a constant, often referred to as the learning
rate, which controls how much the other components
influence the update. i, is a variable that typically
represents a moving average or momentum term,
indicating how much influence past values should have on
the current update. The denominator includes 7., which is

041 =0; —

another variable, likely related to variance or another form
smoothing. finally € is a small constant, often used to
avoid division by zero and stabilize the computation.

By employing Adam, the model benefits from fast
convergence, effective learning rate adaptation, and
resilience to noisy gradients. These characteristics are
crucial in biomedical applications where datasets may not
always be clean or balanced, and where the model's
predictive performance can directly influence critical
clinical decisions[31].

G. Confusion Matrix

The performance of the proposed Feedforward Neural
Network (FNN) was evaluated using a confusion matrix-
based approach. This matrix compares predicted and
actual labels to provide a structured assessment of
classification accuracy. Since the dataset is imbalanced,
relying solely on accuracy may not reflect the model's
effectiveness. Therefore, additional metrics precision,
recall, and F1-score were calculated to offer a more
comprehensive evaluation[24]. These metrics were
computed using the following formulas Eq. (9), Eq. (10),
Eq. (11), and Eq (12) [32][33]:
e Accuracy :
TP+ TN

A - 9
Ceuracy = TP Y TN+ FP + FN ©)

e Precision:

TP
recision = T FP (10)
e Recall:
TP
= — 1
Recall TPLFN (11)

e F1-Score :

_ 2 - Precision - Recall

F1= (12)

Precision + Recall

The symbols used in the classification performance
metrics are defined as follows: TP (True Positive) refers
to the number of correctly predicted positive instances, TN
(True Negative) denotes the number of correctly predicted
negative instances, FP (False Positive) represents the
number of negative instances incorrectly predicted as
positive, and FN (False Negative) indicates the number of
positive instances incorrectly predicted as negative.
These formulas are particularly critical in medical
classification tasks where the cost of misclassification can
have significant clinical implications. These metrics
together allow for a balanced evaluation of the model's
predictive ability, especially in a medical context where
misclassifications can carry serious consequences. A
confusion matrix heatmap was also generated to visualize
prediction outcomes and identify potential class
bias[33][34].

lll. Results
A. SMOTE Process

To address the class imbalance in the PIMA Indian
Diabetes dataset, the Synthetic Minority Over-sampling
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Technique (SMOTE) was employed during the data
preprocessing stage. Initially, the dataset exhibited a
significant disparity between the number of non-diabetic
(Class 0) and diabetic (Class 1) samples. Such an
imbalance tends to bias classification models toward the
majority class, leading to poor generalization and reduced
sensitivity in identifying minority class instances critical in
medical diagnoses such as diabetes.

SMOTE was applied to the training data to
synthetically generate new instances of the minority class
by interpolating between neighboring samples. This
technique avoids simple duplication and introduces more
diverse minority class examples, helping the model learn
a better decision boundary.

The effectiveness of SMOTE is demonstrated in Fig.
1, which visualizes the class distribution before and after
applying the technique. Before SMOTE, Class 1 (diabetic)
was significantly underrepresented, while Class 0 (non-
diabetic) dominated the dataset. After applying SMOTE,
the class distribution became balanced, providing equal
representation of both classes. This rebalancing is crucial
to ensure that the classifier does not become biased
toward the majority class and is capable of detecting
diabetic cases more reliably.

Class Distribution Before and After SMOTE

400 -

350 1

300 4

250

200

Number of Samples

150

100

501 mm Before SMOTE

After SMOTE

o

Class 0 Class 1
Cass

Fig. 1. Class distribution before and after applying
SMOTE.

B. Model Performances

To evaluate the impact of optimization techniques on the
performance of Feedforward Neural Networks (FNN) in
classifying diabetes cases, two model configurations were
implemented: an unoptimized FNN trained manually
using basic gradient descent, and an optimized FNN
trained using the Adam optimizer. Both models underwent
identical preprocessing procedures, including zero-value
imputation using the mean, feature scaling with
StandardScaler, and class balancing through SMOTE
(Synthetic Minority Oversampling Technique). Model
evaluation was conducted on the same test dataset using
standard classification metrics: accuracy, precision,
recall, and F1-score.

The unoptimized FNN was implemented manually
with a single hidden layer consisting of 16 neurons and
RelLU activation, followed by a sigmoid-activated output
layer. The model was trained using full-batch gradient

descent with a learning rate of 0.01 for 900 epochs. The
evaluation yielded an accuracy of 0.7013, a precision of
0.5606, a recall of 0.6852, and an F1-score of 0.6167.
These results indicate that while the model showed
reasonably good sensitivity in detecting diabetes cases
(as seen in the high recall), its relatively low precision
suggests many false positives, reducing its reliability for
clinical applications.

In comparison, the second FNN model employed the
Adam optimizer within the Keras framework, but
maintained the same architecture and training settings as
the manual model. The training was repeated across ten
independent runs to account for stochastic effects arising
from weight initialization and adaptive optimization. The
average performance across these trials showed
consistent improvements, with an accuracy of 0.7331, a
precision of 0.6097, a recall of 0.6667, and an F1-score of
0.6364. Compared to the unoptimized FNN, the Adam-
optimized model demonstrated improvements in all
metrics except for a slight decrease in recall. However,
the increase in precision led to a better overall
classification balance, as reflected in the higher F1-score.
These findings suggest that the Adam optimizer
enhances the reliability and robustness of FNN models in
the context of medical diagnosis, particularly for predicting
diabetes based on clinical data.

Fig. 2, illustrates the comparison of accuracy,
precision, recall, and F1-score between the unoptimized
FNN model and the FNN model trained using the Adam
optimizer The optimized model consistently outperformed
the unoptimized version across most metrics, particularly
in precision and F1-score, confirming the positive impact
of adaptive optimization in neural network training for
medical classification tasks.

Comparison of Evaluation Metrics
FNN Without Optimization vs FNN With Adam

0.6
0.4
0.
Mode|
mm FNN With Adam (Avg of 10 runs)
0.0

FNN Without Optimization
Accuracy Precision Recall F1l Score
Evaluation Metric

1.0

0.8

Score

L]

Fig. 2. Comparison of Evaluation Metrics Between
FNN Without Optimization and FNN With Adam
Optimizer.

Table 3 summarizes the classification performance of two
FNN models: one without optimization and one using the
Adam optimizer. The unoptimized model achieved an
accuracy of 0.7013 and an F1-score of 0.6167, while the
Adam-optimized model, averaged over ten runs,
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improved these metrics to 0.7331 and 0.6364,
respectively. Although the recall slightly decreased, the
increase in precision led to a more balanced and overall
better-performing model. These results highlight the
Adam optimizer's positive impact in enhancing neural
network performance for diabetes prediction.

Table 3. Comparison of Classification Performance
Between Unoptimized and Adam-Optimized FNN
Models.

RB-Bayes, a modification of Naive Bayes that addresses
the zero probability issue by replacing missing values with
the mean. This method achieved the highest accuracy in
their study at 72.90%, outperforming SVM (70.90%),
Decision Tree (68.18%), and standard Naive Bayes
(67.71%).

Table 4. Comparison of Classification Accuracy with
Previous Studies.

Model Accuracy  Precision Recall F1 Score Methods Results
J48[35] 67.15%
FNN (Manual,
No Optimizer) 0.7013 0.5606 0.6852 0.6167 SVMI35] 65.05%
FNN + Adam CARTI[35] 62.29%
(A\;Snosf)m 0.7331 0.6097 0.6667 0.6364 KNN[35] 53.39%
RB-Bayes|[36] 72.90%
IV. Discussion KNN (SMOTE)[37] 72.10%
The present study implemented a Feedforward Neural BNB (SMOTE)[37] 69.20%
Network (FNN) optimized with the Adam optimizer to .
address the challenge of diabetes prediction using the NB[38] 72.60%
PIMA Indians Diabetes Dataset. The modeling process KNNI[38] 66.10%
involved several essential preprocessing stages,
including missing value imputation using the mean DT[38] 71.80%
strategy, feature standardization, and class rebalancing RF[38] 64.90%
through the Synthetic Minority Over-sampling Technique o
(SMOTE). These preprocessing steps were critical to Kstar(39] 68.23%
ensuring fair training and unbiased evaluation of the oneR[39] 70.83%
_neural net_work, p_ar_tlcularly given the inherent class SMOJ[39] 72.14%
imbalance in the original dataset.

In  comparison to related works, traditional SVM[40] 69.00%
classification methods such as decision tree-based NBJ[40] 67.50%
algorithms, probabilistic approaches, and kernel-based
techniques have been widely applied to the same dataset. KNN[40] 70.50%
While these methods offer advantages in simplicity of FNN + Adam (Proposed Method) 73.31%

implementation and interpretability, they often encounter
limitations in capturing the complex non-linear patterns
embedded within biomedical data. By contrast, neural
network architectures such as FNNs possess a greater
capacity to approximate complex mappings due to their
multi-layered structure and high representational power.
When combined with adaptive optimization strategies like
Adam, the learning process becomes more effective,
enabling faster convergence and reducing the risk of
becoming trapped in local minima. The results obtained in
this study reflect these strengths, as the proposed FNN—
Adam configuration delivered superior predictive
performance compared to previously reported methods.
To better understand the proposed method, this study
compared it with several machine learning algorithms
reported in previous works using the Pima Indians
Diabetes Dataset. The summary of the comparison is
shown in Table 4.

For instance, Saravananathan and Velmurugan[35]
compared J48, CART, SVM, and kNN using 10-fold cross-
validation, with J48 achieving the highest accuracy at
67.16%, followed by SVM at 65.05%, CART at 62.29%,
and kNN at 53.39%. Rajni and Amandeep[36] developed

Meanwhile, O. Iparraguirre-Villanueva et al.[37]
examined the effect of SMOTE on classification
performance and reported that KNN (SMOTE) achieved
72.10% accuracy and BNB (SMOTE) achieved 69.20%,
confirming that class balancing can enhance accuracy in
medical datasets. Additional findings from Kangra and
Singh[38] showed that Naive Bayes (72.60%)
outperformed Decision Tree (71.80%), Random Forest
(64.90%), and KNN in their evaluation. S. Larabi-Marie-
Sainte et al.[39] assessed Kstar, SMO, and oneR, with
71.12%, 72.14%, and 68.23%, respectively. While SMO
achieved the highest performance among the three, its
accuracy was still lower than RB-Bayes[36] and the
proposed method.

The proposed FNN + Adam method achieved the
highest accuracy at 73.31%, surpassing all compared
methods. This demonstrates that combining an
appropriate neural network architecture with Adam
optimization can effectively capture complex non-linear
relationships between features while avoiding local
minima. These findings suggest that deep learning
approaches with adaptive optimization offer greater
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potential than classical methods such as RB-Bayes,
Naive Bayes, or SMO, particularly in the context of
disease prediction in the healthcare domain.

Despite promising results, this study has several
limitations. First, the evaluation used only a single dataset
(Pima Indians Diabetes Dataset) with a limited sample
size (768 entries) and class imbalance. Second, the study
did not assess the model's generalizability to other
medical datasets with different characteristics, such as
varying feature counts, missing value rates, or more
extreme class imbalance. Third, no direct comparison was
made with ensemble deep learning or transfer learning
approaches, which might yield even better performance.

The implications of this study are substantial,
particularly for the development of clinical decision
support systems. The results indicate that applying FNN
with adaptive optimization, such as Adam, can
significantly improve diabetes prediction accuracy
compared to conventional machine learning methods.
This could accelerate early screening processes, reduce
false negatives, and enable earlier medical interventions.
Moreover, this approach can be adapted to predict other
diseases using tabular clinical datasets, with minimal
architecture and model parameters modifications.

V. Conclusion

This study aimed to evaluate the effectiveness of
Feedforward Neural Networks (FNN) in predicting
diabetes by comparing a manually trained model and one
optimized using the Adam algorithm, both enhanced with
SMOTE to address class imbalance. Experimental results
showed that the unoptimized FNN achieved an accuracy
of 70.13%, precision of 56.06%, recall of 68.52%, and F1-
score of 61.67%. In contrast, the Adam-optimized model
yielded improved performance with an average accuracy
of 73.31%, precision of 60.97%, recall of 66.67%, and F1-
score of 63.64% over ten runs, indicating a more balanced
and reliable classification. For future work, deeper
network architectures, integration of explainable Al
techniques, and application to real-time or longitudinal
diabetes data are recommended to enhance prediction
accuracy and clinical relevance further.
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